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were correlated to the pavement surface condition (i.e., SN, IRI, and RD) using negative binomial regression
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evaluate the possible consequences for a given combination of events. The analysis shows a significant impact
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Abstract: Safety performance is a crucial component of highway network performance evaluation.
Besides their devastating impact on roadway users, traffic crashes lead to substantial economic
losses on both personal and societal levels. Due to the complexity of crash events and the unique
conditions in each country and state, empirical local calibration for the correlation between attributes
of interest and the safety performance is always recommended. Limited studies have established a
procedure to analyze the impact of pavement condition on traffic safety in a risk analysis scheme.
This study presents a thorough analysis of some roadway departure crashes which occurred in
Iowa between 2006 and 2016. All crash records were mapped onto one-mile segments with known
traffic volume (i.e., AADT), posted speed limits (SL), skid numbers (SN), ride qualities (IRI), and rut
depths (RD) in a geographic information system (GIS) database. The crash records were correlated to
the pavement surface condition (i.e., SN, IRI, and RD) using negative binomial regression models.
Moreover, a novel risk analysis framework is introduced to perform crash risk assessment and
evaluate the possible consequences for a given combination of events. The analysis shows a significant
impact of pavement skid resistance on roadway-departure crashes under all accident conditions
and severities. Risk analysis will facilitate coordination between the pavement management system
and safety management system in the future, which will help with optimizing the overall highway
network performance.
Keywords: pavement friction; safety performance; roadway-departure crash; risk analysis; risk space;
risk surface
1. Introduction
Safety performance is a crucial component of a highway network performance evaluation. Besides
their devastating impact on roadway users, traffic crashes lead to substantial economic losses on both
personal and societal levels [1]. Due to the complexity of a traffic crash event, it is a challenging task to
identify all the contributing factors, and even more challenging to quantify their level of impact on
crash rates [2,3]. Some of these factors include driver behavior and human factors, traffic conditions,
road geometrics, pavement surface condition, and traffic speed. Pavement surface condition can
include multiple variables; however, the possible key contributors to traffic safety are pavement
friction (i.e., skid resistance), roughness (i.e., ride quality), and rutting [4,5]. Maintaining pavement
surface conditions at acceptable levels is part of pavement management activities; accordingly, previous
studies have proposed incorporating the impact of pavement surface condition on traffic safety into
pavement management systems (PMSs) [2,6].
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Several studies have investigated the relationship between pavement surface friction and crash
risk, and could quantify significant correlations between them. However, these correlations can be
delusive and challenging to derive due to the highly varied and uncontrolled conditions during a crash
event [7,8]. One of the most extensive efforts in this research area is the National Corporative Research
Program (NCHRP) project 01-43 “Guide for Pavement Friction”. The project report was published
in 2010 [9]. In the report, quantitative correlations between wet crash rates and pavement friction
values could be found in more than 15 studies in the literature. The study focused on describing and
illustrating the importance of friction in highway safety, as well as the principles of pavement friction
characterization. Furthermore, the study presented valuable information on (a) the management of
friction on existing highway pavements, and (b) the design of new highway surfaces with adequate
friction. This information focuses on techniques for monitoring friction and crashes, and determining
the need for remedial action. However, two components, friction and safety management, are still
disconnected and not synchronized efficiently.
Pavement friction develops between the tire and the pavement due to the hysteresis and adhesion
mechanisms at the tire-pavement interface [9,10]. The two mechanisms, strongly depend on the
contact surface area between the tire and the pavement surface, which in turn depend on several
factors including pavement texture, surface contamination (e.g., wet, dry, dusty), and tire rubber
stiffness [11]. In 2009, Mayora and Piña [12] coupled crash data and skid resistance data, measured
with a sideway-force coefficient routine investigation machine (SCRIM), to investigate the effect of
pavement condition on safety, and to assess the effects of improving pavement friction on safety. It was
found that under wet and dry conditions, crash rates decreased as skid resistance increased. To develop
causal relationship between pavement condition indices and severity level of crashes occurring on
two-lane horizontal curves in Texas, Buddhavarapu et al. [13] integrated crash and pavement surface
condition databases. From the study, it was found that longitudinal skid measurements barely
correlated with the injury severity of crashes occurring on curved portions of road. Interestingly, it was
also reported that smoother sections were more vulnerable to severe crashes. Musey and Park [14] have
conducted a comprehensive review of crash data to correlate pavement skid numbers and roadway
curvature degree to crash rates and severity. It was found that greater injuries occurred on curves with
higher degrees of curvature and lower skid numbers. In the study [14], the crash rates, normalized
using the average annual daily traffic (AADT), showed a bell-curve when plotted against skid number.
Therefore, the crash rates start increasing as the skid number increases, and peak at around 40, then
start to decrease as skid number increases. The authors attributed this behavior to the increasing
AADT values at sections with low skid numbers, which in turn had an inverse relation to the crash
rates in their study.
Pavement friction enhancements and treatments were included in the United States Department
of Transportation Federal Highway Administration (FHWA) Pooled Fund Study “Evaluation of
Low-Cost Safety Improvements” (ELCSI–PFS). The study was established to conduct research on
the effectiveness of the safety improvements identified by the (NCHRP) Report 500 guides [15,16].
In volumes 6 and 7 of the NCHRP report, strategies 15.1 A7 and 15.2 A7 included the use of
skid-resistant pavements as a key strategy for reducing run-off-road crashes and crashes on horizontal
curves [17]. In a similar manner, the FHWA “Low-Cost Treatments for Horizontal Curve Safety Guide”
recommends “skid-resistive pavement surface treatments” as a low-cost treatment for reducing crashes
at horizontal curves [17,18]. According to the FHWA, high friction surface treatments (HFSTs) are a
highly cost-effective countermeasure that can be applied for one or more of the following situations:
sharp curves, inadequate cross-slope design, wet conditions, polished roadway surfaces, and driving
speeds in excess of the curve advisory speed [19].
More recently, the Virginia Department of Transportation (DOT) adopted some of the concepts
developed by a research team at Virginia Tech Transportation Institute to modify their current safety
performance functions [20–23]. In the reported studies, the research team has utilized a low-cost,
continuous friction-measuring device, the Grip Tester, to acquire friction measurements for a single
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district. The friction data was then coupled with crash records to quantify the impact of friction
measurements on crash rates. The data was used to contrast the effect of two friction treatments, i.e.,
conventional asphalt overlay and HFSTs, on network level crash rates. The result suggests significant
crash reductions with comprehensive economic savings of $100 million or more when applying the
HFSTs to a single district. Moreover, Geedipally et al. [24] conducted a study to develop a crash
modification factor (CMF) for skid number for all crashes, wet-weather crashes, run-off-the-road
crashes, and wet-weather run-off-the-road crashes. The study evaluation was conducted based on a
horizontal curve database from a southern state in the United States. The findings confirmed that skid
number was a significant variable, in addition to traditional variables such as traffic volume, curve
radius, and cross-sectional width.
Pavement rutting is suspected of affecting traffic safety by forming a water film or a stagnant pool
between the pavement surface and the tire. This water film will induce hydroplaning and cause loss
of control, which can lead to a crash event [25–27]. Start et al. [25] presented a study to quantify the
effects of pavement rutting on accident rates. The researchers analyzed rut depth, traffic volumes, and
accident records maintained by the Wisconsin DOT for undivided rural highways. Accidents were
classified to rut-related crashes if the prevailing conditions could be potentially associated with the
occurrence of hydroplaning. The results indicated that rut-related accident rates began to increase at a
significantly greater rate as rut depths exceeded 7.6 mm. More analytically-intensive approaches have
been proposed to evaluate the impact of rutting on traffic safety [27–29]. Ong and Fwa [26] presented
a paper that adopts an elaborate theoretical approach to simulate hydroplaning and the reduction
of wet-pavement skid resistance as a function of wheel sliding speed. The findings conformed to
the well-known experimentally derived NASA hydroplaning-speed equation. Despite the significant
findings from simulations and analytical approaches, analyses of crash records and the PMS database
do not always show strong correlations between hydroplaning and crash rates [4,30].
Researchers have also investigated the impact of ride quality on traffic safety [13,30,31].
Chan et al. [30] utilized the Tennessee PMS and the accident history database to investigate the
relationship between accident frequency and pavement surface condition. The pavement condition
metrics included rut depth (RD), ride quality expressed in terms of the international roughness index
(IRI), and present serviceability index (PSI). Poisson regression was used to model the probability of
an accident given the pavement and traffic condition. The models showed that for all accident types,
higher IRI values will significantly increase the risk of an accident. In contrast, Buddhavarapu et al. [13]
reported that smoother roads can lead to higher accident severity. Other studies have reported similar
findings [2,32]. Tighe et al. [2] suggested that rougher roads can possibly lead to a higher level of
vigilance, which can reduce the risk of accidents.
Despite the available literature investigating the impact of pavement condition—including
surface skid resistance—on crash rates, each country and state has unique conditions, including
traffic characteristics, drivers’ behavior, and weather conditions. Therefore, due to the complexity
of crash events, empirical local calibration for correlations between attributes of interest and safety
performance are always recommended. Moreover, there are few efforts, if any, to describe these
safety correlations and functions in a risk analysis scheme. This study presents an effort to integrate
elements of the pavement surface condition records, acquired from the PMS database, with the roadway
departure crash records in the state of Iowa in the United States. Risk analysis is a combination of
uncertainty and consequences. The consequences of traffic accidents can include casualties, vehicle
damage, monetary costs, and even societal impacts. This paper focuses on establishing a framework
for one part of the risk analysis, estimating the probability of crashes. Risk analysis will facilitate
the integration between the PMS and safety management system in an effort to optimize the overall
highway network performance.
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2. Data Sources
2.1. Pavement Condition Data
The Iowa PMS database includes records for various pavement conditions and traffic information
in a geographic information system (GIS) database, including traffic volume (AADT), speed limit (SL),
skid resistance expressed in skid number (SN), ride quality expressed in IRI, and rut depth (RD). All the
mentioned variables, besides the AADT, which is a major contributor to the model, were considered as
possible explanatory variables of possible impact. The study included records for one mile segments
acquired between 2006 and 2016. Each record had a unique combination of identifiers, including
the acquisition year and the mile ID. The Iowa DOT collects friction measurements at the network
level on a 2-year cycle for interstate segments, a 3–5 year cycle for primary non-interstate segments
depending on the AADT, and annual monitoring for segments with low SNs. Other pavement
condition data, including IRI and RD, are collected annually on the interstate, and biannually for
primary non-interstate segments.
Pavement friction measurements are collected using a locked wheel skid trailer, and following
the ASTM standard E274 [33]. The test device records the tractive force, defined as the horizontal
force applied to the test tire at the tire-pavement contact patch, and the dynamic vertical load on the
test wheel. The ratio of tractive force to the vertical load multiplied by 100 defines the skid number
at a given testing condition, including the test speed. During the test, the trailer wheels are locked
after applying water to the test surface. Figure 1 presents a typical screenshot of the locked wheel test
output. In the figure, it can be seen that the SN (the yellow line in the figure) fluctuates around zero,
when the tire rotates over the pavement surface without sliding. Then, as the rolling speed decreases,
and the sliding speed increases accordingly, the SN increases to reach a peak value before dropping
back to a fully-locked SN, where the rolling speed reaches zero.
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Figure 1. A screenshot of the test output from a locked wheel trailer showing SN, rolling test tire speed,
vehicle speed, and other test variables.
The IRI and RD were reported for the left and right wheel paths. The averages of the right and the
left wheel paths were used to r present the segment IRI and RD values, which are s as explanatory
variables in the tudy. The segments i cluded in this study are one mile long. Only the segments with
all pavement conditions, traffic volume, and speed limit records were included in the analysis, which
eliminates segments with one or two missing pavement condition attributes. Figure 2a–c shows the
histogram of SN, IRI, and RD values for the segments included in the study. Figure 2a shows that
the SN distribution is slightly left-skewed, mea ing that although the majority of the segments have
relatively medium to high SNs, there are few segments with low SNs. Figure 2b,c shows that both
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IRI and RD values are right-skewed, indicating that more segments have lower IRI and RD values,
indicating a good pavement condition.
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2.2. Crash Records
Crash records for roadway departur crash s between 2006 and 2016 were acquired from the Iowa
Traffic Safety Data Servic (ITSDS). The records were linked with the condition data in GIS database.
Crash records that matched segments with condition data were merged to add crash attributes to the
selected segments, which included 15,759 crash records. Crash records contained several attributes,
including the severity of crash and the environment l surface condition (e.g., wet, ry, snow) during
crash time. Figure 3a shows the percentage of cr shes under each severity level for all crashes included
in the study. The severity levels in the database were: (1) fatal crash, (2) crash with major injury,
(3) crash with minor injury, (4) crash with possible/unknown injury, and (5) crash with property
damage only. The nvironmental surface conditions found in the crash records are dry, wet, ice/frost,
snow, slush, m d/dirt, standing water, sand, oil, and gravel. Due to the subjectivity in judging the
surface conditions when it falls between ice/frost, snow, and slush, the three categories were combined
together into adverse winter condition. The analysis included the three major environmental surface
conditions: dry, wet, and adverse winter conditions. Figure 3b shows the distribution of crashes based
on surface condition.
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3. Methods
3.1. Crash Rate Models
Crash events are rare count events affected by multiple variables and conditions. The complexity
of a crash event limits the ability of deriving a deterministic or quasi-deterministic model which can
explain and predict a crash scenario and the sequence of events during the crash. As an alternative,
researchers and practitioners have recommended using crash history data to establish the correlation
between the expected number of crashes and the explanatory variables of interests [34]. Due to the
discrete nature of count data, limited regression models are permissible to describe these correlations.
A permissible regression model should allow for discrete and strictly positive observations. Amongst
the permissible models are the Poisson and the Negative Binomial (NB) regression models. In Poisson
regression, the fitted trend represents the mean number of events occurring within a given exposure
period or extent. One limitation of the Poisson model is the assumption of equi-dispersion, where
the expected number of events (Y) is equal to the variance given any set of explanatory variables.
Alternatively, NB regression is a generalization of Poisson regression that allows for over-dispersed
data, where the variance is equal to or greater than the expected value of the fitted model, which is a
typical characteristic of crash count data [35].
In an NB regression model, the expected crash rate per unit exposure for a given road segment
can be expressed as a function of the explanatory variables, as shown in Equation (1).
µi = β0 × Li ×AADTiβ1 × e∑
n+2
j=2 β jxij (1)
where µi is the expected crash rate on segment i, β j are the fitted regression coefficients, xij is the jth
attribute of segment i, and n is the number of explanatory attributes included in the model. In addition
to the fitted regression coefficients, a dispersion parameter α is estimated and tested for significance.
Typically, the exposure is expressed as the traffic volume (i.e., AADT) raised to a power β1 multiplied
by the segment length Li. In this study, all segments were 1 mile long, which drops the second term in
Equation (1). Accordingly, Equation (1) can be simplified and expressed compactly in vector notation,
as shown in Equation (2).
µi = eBXi ,
B =
[
β0 β1 β2 . . . β j
]
Xi =
[
1 ln AADTi xi2 . . . xij
]T (2)
3.2. Risk Analysis
Although Equation (2) provides a good summary index that can be used as a comparison tool
for the safety performance of a highway segment, it only represents the expected number of crashes.
To perform a full scale analysis and to estimate the associated risks for a given road segment, a more
elaborate analysis is required. Risk analysis can provide extra information about the distribution of
severity levels, which gives an extra breadth into the analysis. To quantify the probability of having
a specific number (yi) of independent crashes, one can use the NB probability mass function (PMF)
associated with the regression coefficients. Equation (3) is the PMF for observing yi crashes, given the
total number of vehicles r+ yi passing and the probability of crash p for each vehicle passing:
Pr(Y = yi|r, p) =
(
r+ yi − 1
yi
)
pr(1− p)yi , yi = 0, 1, 2, . . . ; (3)
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Using a different parametrization, Equation (3) can be rewritten as a Gamma mixture of Poisson
distributions, as shown in Equation (4). This parametrization only depends on the fitted NB regression
coefficients, where r = 1/α and p = 1/(1+ µα) [36].
Pr(Y = yi|Xi) = Pr(Y = yi|{µi, αi}) = Γ[yi+(1/αi)]Γ[yi+1]Γ[1/αi ]
[
(µiαi)
yi
(1+µiαi)
yi+(1/αi)
]
, yi = 0, 1, 2, . . . ;
E[yi] = µi;
Var(yi) = µi(1+ αiµi);
Xi =
[
1 ln AADTi β2xi2 . . . βkxik
]
;
(4)
where Γ is the gamma function and αi is the dispersion coefficient of the NB regression. Equation (4)
estimates the probability of having a certain number of crashes regardless of the crash severity.
To estimate impact of traffic crashes on the users and the agency, one can estimate the expected
consequences of traffic crashes for a given segment. One common measure of risk is the probability of
an event occurring multiplied by its consequences. Consequences can include the monetary value of
losses due to a crash with a given severity, the societal impact, human injury, and travel delays. In this
study, risk analysis will be limited to the distribution of severity level combinations.
Defining risk in a mathematical framework is necessary to generalize the computational process
of risk assessment. The first element in the mathematical framework is the risk space (RS), in which all
possible scenarios exist. The risk space can be divided into subspaces, namely risk surfaces (RSurfyi ),
where each surface represents the possible severity level combinations for yi crashes. A risk space is
discrete and dense in the severity discrete space S,
RS = U∞yi=0RSurfyi , yi ∈ N;
RSurfyi → S = S0 × S1 × S2 × . . .× Sy : y = 0, 1, 2, . . . , yi ;
(5)
where N is the set of natural numbers, and Sy the set of possible severities for the source of hazard y,
which is the possible severity levels for crash y. In this study, the severity space reduces to S = S0× Syi
because all crashes are independent and identically distributed for a given segment with the same
possible severity levels S = {1, 2, . . . , J}, where J = 5. For no crash events, the risk surface reduces
to the single event (i.e., no crash set; S0 ∈ ∅).
Given that RS is a dense space, each point on the RSurfyi corresponds to one possible combination
of severity levels:
RSurfyi =
[
RSur fs1s2 ...syi
]
S1×S2×...×Syi
: sy ∈ Sy (6)
where sy is the severity level of crash y and Sy is the size of severity space Sy. Equation (6) defines the
risk surface as a tensor of rank yi and dimensionality S. For example, for a given segment the risk
surface corresponding to two crashes, yi = 2, with 5 possible severity levels for each crash, is a second
rank tensor, as shown in Equation (7).
RSurf2 =
 S1 = 1, S2 = 1 · · · S1 = 5, S2 = 1... . . . ...
S1 = 1, S2 = 5 · · · S1 = 5, S2 = 5

5×5
(7)
The first element in the risk surface tensor shown in Equation (7) corresponds to the single
scenario where the first crash occurs with severity level 1 (i.e., S1 = 1), and the second with severity 1.
All risk surfaces can be projected into a probability subspace and a consequences subspace.
The probability and consequences subspaces have the same size and dimensionality as the projected
risk surface; therefore, the full probability and consequences spaces have the same size and
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dimensionality as the risk space. For each element in RS, there is a function ψ that maps the severity
combination into the consequences space, ψ
(
RSur fs1s2 ...syi
)
= Cs1s2 ...syi , where Cs1s2 ...syi is an element
of the consequence tensor. It should be mentioned that for y = 0, the consequences tensor collapses to a
scaler of value zero, corresponding to zero consequences. Equation (8) defines the projection of the
elements on the risk surface RSurfyi into the probability space.
Pr
(
RSur fs1s2 ...syi
)
= Pr(Y = yi, Sk|{µi, αi}), (8)
where Sk is the combination of severity levels for yi crashes. Given that the assumption that the severity
level for each crash is independent of the segment condition and from the other crashes, Equation (8)
can be rewritten as shown in Equation (9).
Pr
(
RSur fs1s2 ...syi
)
= Pr(Y = yi|{µi, αi})
yi
∏
y=1
Pr
(
sy
)
(9)
where Pr
(
sy
)
is the probability of crash y occurring with severity sy. The admissibility conditions for
the risk space are defined in Equation (10). The admissibility conditions guarantee that the probability
distribution for all possible scenarios in the risk space are a valid PMF. The first condition states that
for a given number of crashes yi, the total probability of all possible severity combinations, elements of
the severity space S, should add to one. The second condition states that for a given risk space the
total probability across all risk surfaces should add to one.
∑
S
yi
∏
y=1
Pr
(
sy
)
= 1,
and
Pr(Y = 0|{µi, αi}) +∑∞yi=1 Pr(Y = yi|{µi, αi})∑S∏
yi
y=1 Pr
(
sy
)
= 1.
(10)
The probability distribution that a crash will occur at a severity level sy can be fitted using a
parametric distributions. Alternatively, assuming independence of the severity level distribution from
the segment condition, the simple empirical estimation defined in Equation (11) can be used to define
the distribution.
Pr
(
S = sy|yi >0
) ≈ N(sy)
N(yi > 0)
(11)
where N
(
sy
)
is the total number of crashes of severity sy, and N(yi > 0) is the total number of crashes.
To assess the impact of the explanatory variables on the crashes occurring under different
environmental surface conditions, NB regression models can be derived for crashes that occurred on
segments during a given environmental surface condition. Amongst the various environmental surface
conditions in the crash records, the dry and wet conditions are the only conditions considered in the
analysis. Crashes which occurred during the adverse winter conditions are far more complex, and the
separate fitted models for such conditions can be misleading. To fit a conditional NB regression model,
given the environmental surface condition (i.e., SC), only segments with crashes occurred under these
conditions are included in the data set. Moreover, the NB distribution should be shifted, as shown in
Equation (12), to exclude the segments that did not have crashes occur during the surface condition SC
(i.e., yi,sc = 0).
Pr(Y = yi|yi >0, SC, {µi,sc, αi,sc}) = Γ[(yi,sc − 1) + (1/αi,sc)]Γ[yi,sc]Γ[1/αi,sc]
[
(µi,scαi,sc)
(yi,sc−1)
(1+ µi,scαi,sc)
(yi,sc−1)+(1/αi,sc)
]
(12)
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4. Results and Discussion
In this section, the numerical results from implementing the proposed methods in Section 3
are presented, along with the discussion. It should be noted that all the developed models serve
as descriptive models rather than predictive ones. To construct predictive models for future uses,
extensive data sets and carful revisions should be conducted to filter the data sets and carefully choose
the proper models.
4.1. Visual Diagnostics
The first step in the analysis, i.e., before performing the regression analysis, is to diagnose the
trends between the average number of crashes on each segment and the five explanatory variables,
which included: AADT, SL, SN, IRI, and RD. To plot the empirical trend between AADT and the
average number of crashes, the segments in the study were grouped based on AADT bins, which
increased at 2500 increments. From Figure 4a, the average number of crashes for the segments within
the bins increased as the AADT increased. Simple regression line shows that the correlation follows a
power trend. The presented regression line is not statistically permissible due to the simple regression
model assumptions in the NB model, however it is provided to facilitate the visual diagnostics.
In Figure 4b, the speed limit (SL) ranged from 25 to 70 mi/h, with bin size 5 mi/h. From the figure,
it can be seen that there is a jump in the average number of crashes after 55 mi/h. This can be an
artifact due to the higher AADT on sections with SL > 55 mi/h.
Infrastructures 2018, 3, x FOR PEER REVIEW  9 of 16 
4.1. Visual Diagnostics 
The first step in the analysis, i.e., before performing the regression analysis, is to diagnose the 
trends between the average number of crashes on each segment and the five explanatory variables, 
which included: AADT, SL, SN, IRI, and RD. To plot the empirical trend between AADT and the 
average number of crashes, the segments in the study were grouped based on AADT bins, which 
increased at 2500 increments. From Figure 4a, the average number of crashes for the segments within 
the bins increased as the AADT increased. Simple regression line shows that the correlation follows 
a power trend. The presented regression line is not statistically permissible due to the simple 
regression model assumptions in the NB model, however it is provided to facilitate the visual 
diagnostics. In Figure 4b, the speed limit (SL) ranged from 25 to 70 mi/h, with bin size 5 mi/h. From 
the figure, it can be seen that there is a jump in the average number of crashes after 55 mi/h. This can 
be an artifact due to the higher AADT on sections with SL > 55 mi/h. 
  
(a) (b) 
Figure 4. The empirical trends between the average number of crashes and (a) The traffic volume 
expressed in AADT; and (b) the speed limit for all segments in the study. 
Figure 5a shows the trend between the average number of crashes and the SN for the 
corresponding segments. The SN values ranged between 20 and 70 with a bin size of 5. In Figure 5a, 
the average number of crashes follows a decaying trend as a function of the SN. Moreover, Figure 5b 
shows that generally, the average number of crashes decreased as the IRI value increased. Figure 5c 
does not reflect a clear trend between the average number of crashes and the RD. It should be 
mentioned that the trends shown in Figures 4 and 5 do not necessarily reflect the type of correlation 
expected when performing the NB regression. These empirical trends do not incorporate the number 
of segments within each bin and the impact of other variables on the trend. For example, some 
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high volume of traffic and not due to low SN. In contrast, NB regression can account for these 
interactions and the varying number of segments within explanatory variables bins. 
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Figure 4. The empirical trends between the average number of crashes and (a) The traffic volume
expressed in AADT; and (b) the speed limit for all segments in the study.
Figure 5a shows the trend between the average number of crashes and the SN for the
corresponding segments. The SN values ranged between 20 and 70 with a bin size of 5. In Figure 5a,
the average number of crashes follows a decaying trend as a function of the SN. Moreover, Figure 5b
shows that generally, the average number of crashes decreased as the IRI value increased. Figure 5c
does not reflect a clear trend between the average number of crashes and the RD. It should be mentioned
that the trends shown in Figures 4 and 5 do not necessarily reflect the type of correlation expected when
performing the NB regression. These empirical trends do not incorporate the number of segments
within each bin and the impact of other variables on the trend. For example, some sections with high
AADT might have lower SN; therefore, the higher crash rate can be due to the high volume of traffic
and not due to low SN. In contrast, NB regression can account for these interactions and the varying
number of segments within explanatory variables bins.
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4.2. Crash Rate Models
Table 1 summarizes the regression models fitted for various conditions in JMP Pro 12 [37].
All models were fitted using the five explanatory variables and the interaction between these variables
and the posted speed limit. Moreover, a binary variable was introduced to capture the jump in the
average number of crashes after 55 mi/h speed limit (Figure 4b). The explanatory variables were
tested for significance using the Wald Chi-square test, where the null hypothesis is H0 : β j = 0, for
all j. Table 1 only includes the significant model terms, which have a p-value less than 0.05. For the
three fitted models, the dispersion coefficient α was significantly greater than zero, indicating an
over-dispersion in the data set, which requires a NB regression model. The dispersion coefficient is
constant for all sections for each fitted model.
In Table 1, the general model was derived using the full crash record, including segments with
no crashes and without distinction between severity levels and surface conditions. From the model,
it can be noticed that in addition to the traffic volume (AADT), SN and IRI had a significant impact
on the expected crash rate for all segments. The traffic volume (AADT) h d a major impact on the
expected crash rate; this can be attributed to the higher level of exposure, where the increased number
of vehicles will increase the chance of a crash event occurring. Figure 6 shows that the expected crash
rate dropped as the SN increases for various AADT, SL, and a fixed IRI = 90 in/mi. This reduction
in expected crash rates is due to the reduction in probability of a skidding event. Moreover, Figure 6
shows that as the speed limit increases, the expected crash rate decayed at higher rate with increasing
SN values. One possible explanation could be that segments with higher speed limits are more prone
to a skidding event; therefore, higher skid resistance reduced the expected crash rate more significantly
on segments with higher speed limits by reducing the probability of a skidding event. This interaction
is captured in the regression coefficient β4. The general model also indicates that segments with higher
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IRI values had higher expected crash rates; this behavior amplifies for sections with higher speed
limits, as concluded from the positive regression coefficient β5. The impact of IRI can be due to the
reduced contact time between the tire and the pavement surface [31].
Table 1. Statistical summary of all fitted NB regression models.
Model
Name
NB Regression Form
Explanatory Variables Statistical Summary
Term Estimate 2 Std. Error Wald Chi-Square p-Value
General
Model
µi = β0 × AADTβ1 × . . .
eSN(β2+β4SL)+IRI(β3+β5SL)
α = 0.74
β0 2.67 × 10−3 0.225 696.93 <0.01
β1 6.22 × 10−1 0.019 1103.51 <0.01
β2 −1.29 × 10−2 0.002 43.62 <0.01
β3 1.57 × 10−3 <0.001 19.34 <0.01
β4 −5.06 × 10−4 <0.001 5.32 0.02
β5 1.44 × 10−4 <0.001 14.64 <0.01
Dry
Condition 1
µi = β0 × AADTβ1 × eβ2SN
α = 0.69
β0 2.67 × 10−3 0.593 99.87 <0.01
β1 5.83 × 10−1 0.047 153.45 <0.01
β2 −1.45 × 10−2 0.005 8.40 <0.01
Wet
Condition 1
µi = β0 × AADTβ1 × eβ2SN
α = 3.60
β0 9.18 × 10−3 1.497 9.82 <0.01
β1 4.41 × 10−1 0.122 12.99 <0.01
β2 −3.66 × 10−2 0.013 7.56 <0.01
1 The model was derived using the shifted NB distribution; 2 Std. Error: the standard error value of the fitted
parameter βj.
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Figure 6. Expected crash rates as a function of SN, AADT, and SL; as explained by the NB
regression models.
To contrast the impact of pavement surface condition on the traffic safety under various
environmental surface conditions, NB regression models were derived for crashes occurring in dry and
wet conditions. Figure 7 shows that these models included the SN as an explanatory variable, where the
crash rate decreases as the SN increases. The higher dispersion coefficient for the wet model compared
to the dry one indicates that the variability in the wet crash records increases on sections with higher
crash rates. Furthermore, the wet model had a higher decay rate for increasing SN; however, the overall
crash rates for the wet model are lower than those for dry conditions. This reduction of crash rates
under wet conditions cannot be explained using the explanatory variables in the study. The sparseness
in wet crash records reflects the complexity of wet crash events and the need for extensive investigations
to understand the effects and contrast between varying environmental conditions.
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4.3. Risk Analysis Results
To describe the risk level of roadway departure crashes for the segments included in the study,
elaborate probabilistic analysis was conducted based on the framework introduced in Section 3.2.
The first part of the risk analysis focuses on evaluating the PMF of the number of crashes occurring on
a segment with given conditions. Figure 8a,b present the PMFs (excluding the Pr(Y = 0)) for various
SN values and two AADT levels, with fixed IRI, and SL. The PMFs in Figure 8a,b were estimated using
the fitted parameters for the general model provided in Table 1. The columns colors do not reflect the
probability magnitude; rather, they are provided to enhance the contrast between the columns in the
figure. From the figures, for lower SNs, the PMF has a heavier tail, meaning that higher crash numbers
are more likely. Figure 8b shows that the probability of having one crash increases as the SN decreases,
and peaks around SN = 35, before starting to decrease as the SN decreases. This does not indicate that
sections with lower skid numbers had a lower probability of having a crash; it indicates that sections
with lower SN had a higher probability of having more than one crash, which shifts the PMF mean.
Figure 9 shows that the total probability of having at least one crash as a function of SN and AADT
(and fixed IRI and SL values) increases as the SN decreases.
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general model.
Figure 10a,b presents the complete PMF for dry and wet models. The models were shifted NB
models, which start at 1 crash as the lowest possible number of crashes. From the figures, it can
be seen that as the skid number decreases the probability of having one crash decreases; however,
the probability of having more crashes increases. Figure 10a,b indicates that for dry crashes, there is a
higher probability of observing more than one crash on the same segment as compared to wet crashes.
This does not reflect the probability of observing yi crashes given the environmental surface conditions
on a segment. To derive a PMF for observing yi crashes given the environmental surface conditions on
a segment, full records throughout the year should be used to include all the days that had wet surface
conditions and dry surface conditions, and then contrast the odds of having yi crashes in a wet day
versus a dry day.
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The risk space defined in Equation (5) defines all possible crash risks under the assumption that
the fitted model is the true model. However, due to the higher dimensionality of the risk surfaces
at higher crash numbers, the discussion will be limited to the first three risk surfaces in a risk space.
Given the general model with the following fixed segment conditions: SN = 30, AADT = 20,000,
IRI = 90 in/mi, and SL = 65, the probability projection of the risk surface at yi = 0 is a scaler (i.e., zero
rank tensor) corresponding to Pr(Y = 0) = 0.45. Moreover, the probability projection of the risk
surface at yi = 1 is a vector (i.e., first rank tensor) of probabilities as shown in Figure 11a. Considering
the scenario of two crashes happening on the same mentioned segment, the probability projection of
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the risk surface is a second rank tensor represented in Figure 11b. The sum of probabilities in Figure 11a
is 0.27, which equals the probability of observing exactly one crash a year on the given segment, under
the assumption that crash frequency is truly captured in the general model, regardless of the severity
level (Pr(Y = 1) = 0.27). Similarly, the sum of probabilities in Figure 11b is 0.12, which is equal to the
probability of observing exactly two crashes a year on the same given segment (Pr(Y = 2) = 0.12).
The assumed distribution of severity levels in this study can be oversimplified; however, distributions
that are more sophisticated require a different type of analysis, which is outside the scope of this study.
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5. Conclusions
This study presented a thorough analysis of selected roadway departure crashes in Iowa between
2006 and 2016. All crash records were mapped onto one-mile segments with known AADT, SL, SN,
IRI, and RD in a GIS database. The crash records were correlated to the pavement surface condition
(i.e., SN, IRI, and RD) using NB regression models. Moreover, a novel risk analysis framework was
introduced to perform crash risk assessment and evaluate the possible consequences for a given
combination of events. The key conclusions from the study are:
• Crash records are sparse in nature and require carful modeling using discrete count models, such
as the negative binomial repression model.
• For the general crash model, which included all crash events under various severities and
environmental surface conditions, higher skid resistance reduced the roadway departure crash
rates. This impact is amplified on segments with higher speed limits, which reflects the importance
of adequate skid resistance on higher speed segments.
• For the general model, rougher road segments had slightly higher crash rates. This impact is
amplified on segments with higher speed limits.
• Higher skid resistance reduced the crash rates for both wet and dry crashes.
• Exploring the distribution of the count number of crashes for a given section, provides extra
information that cannot be captured by examining the average crash rates solely.
• The risk analysis of traffic crashes provides a helpful tool for estimating the expected consequences
in terms of human injury, social impact, and monetary value.
• There is a need for further investigation to understand the impact of weather condition on traffic
crashes, and the interaction between the pavement surface condition and weather conditions.
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